Two new polarimetric subspace target detectors are developed based on a dihedral signal model for bright peaks within a spatially extended target signature. The first is a coherent dihedral target detector based on the exact Huynen model for a dihedral. The second is a noncoherent dihedral target detector based on the Huynen model with an extra unknown phase term. Expressions for these polarimetric subspace target detectors are developed for both additive Gaussian clutter and more general additive spherically invariant random vector (SIRV) clutter including the K-distribution. For the case of Gaussian clutter with unknown clutter parameters, constant false alarm rate (CFAR) implementations of these polarimetric subspace target detectors are developed. The performance of these dihedral detectors is demonstrated with real millimeter-wave fully polarimetric SAR data. The coherent dihedral detector which is developed with a more accurate description of a dihedral offers no performance advantage over the noncoherent dihedral detector which is computationally more attractive. The dihedral detectors do a better job of separating a set of tactical military targets from natural clutter compared to a detector that assumes no knowledge about the polarimetric structure of the target signal.
INTRODUCTION
The goal of this work is to detect non-moving military vehicles using high resolution, millimeter-wave, multi-polarimetric channel, synthetic aperture radar (SAR) data. The SAR scenes in which we wish to fmd these targets contain natural clutter (such as grass, crops, shrubs, trees, and rocks) and manmade clutter (including for example, roads, buildings, and vehicles). Some of the manmade clutter, especially vehicles and buildings, can look very much like the targets of interest. The targets we wish to detect have a spatially extended signal that is very dependent on the unknown orientation of the target in the scene and multi-path from surrounding clutter. Much of the energy of the spatially extended targets is localized in bright single pixel returns caused by corner reflectors, primarily dihedrals and trihedrals on the target. Dihedrals have an even bounce polarimetric signal whereas trihedrals have an odd bounce polarimetric signal. It has been previously shown that military targets exhibit equal amounts of odd bounce and even bound scattering whereas natural clutter exhibits primarily odd bounce scattering.' This research involves developing two new target detectors that will separate military targets from most of the natural clutter using the bright single pixel dihedral peaks (or even bounce scattering) within the spatially extended target signature. The rejection of most of the manmade clutter that can look very much like the targets is left for subsequent higher level processing stages not covered in this paper. 2 A thresholding operation or simple single pixel, single polarimetric channel constant false alarm rate (CFAR) detector will separate bright manmade objects (including the targets) from the dimmer natural clutter in SAR data; however, these detectors suffer from a high number of false alarms caused by speckle or coherent noise in the SAR image.2 For a millimeterwave SAR which gets a strong signal from the tree canopy, an especially high number of false alarms come from tree canopies.
With a fully polarimetric SAR system we have three polarimetric channels available to detect targets and reject clutter. One of the most robust approaches for polarimetric SAR target detection is the polarimetric whitening filter (PWF) target detector first developed by Novak.38 This detector makes no assumption about the polarimetric structure of the target signal and optimally reduces the speckle or coherent noise to enhance detection performance. Novak et. al. have shown that the PWF target detector performs better than polarimetric target detectors based on simple deterministic and random signal models using real millimeter-wave SAR data. 3 In this research, two new polarimetric target detectors are developed based on modeling the target as deterministic with unknown parameters. The dominant scatterers from the vehicles in our target set exhibit both dihedral and trihedral polarimetric characteristics, however the dominant scatterers from the natural clutter in our data exhibit more trihedral or flat plate polarimetric characteristics. Using the Huynen polarimetric scatterer model9, two new detectors are developed for the dihedrals in a target signature which do a good job of rejecting unstructured clutter and discrete clutter with trihedral or flat plate scattering. The first is a noncoherent approach which leads to an especially simple detector. The second is a more complicated coherent detector which is based on the exact Huynen model for a dihedral. For the case where the clutter parameters are known, we derive these detectors for the target signal in the presence of additive spherically invariant random vector (SIRV) clutter.'°'2 The SIRV clutter model is a general parametric clutter model for correlated vector data which is not necessarily Gaussian. The Gaussian distribution is a special case of the SIRV clutter model. The K-distribution, which has been widely used to model radar clutter, is also a special case of the SIRV model.
Other researchers have considered using the Huynen model as part of a target detection scheme. De Graaf developed matched filter and quadratic target detectors using the Huynen model.'3 Cameron and Leung developed a technique to decompose a canonical Huynen scatterer without regard to clutter.'4 Dilsavor and Moses developed a polarimetric target detector for dihedrals and other scatterers in additive Gaussian and K-distributed clutter using the general Huynen model with unknown nonrandom parameters. The Dilsavor-Moses detector for the case of a dihedral scatterer does not have a closed form expression and includes a 1-D search.'5"6 Our new dihedral detector, which is also based on the Huynen signal model with unknown parameters in additive clutter, has an explicit closed form expression and is shown to be very effective as a SAR target detector. Michael B. Sechtin of MIT Lincoln Laboratory developed a dihedral whitening filter detector (DIWF) which is the PWF combination of the two polarimetric channels that respond best to a dihedral based on the Huynen model (the 1W and HH-W channels).'7 Our dihedral detector has performance similar to the DJWF detector, but is derived more rigorously. The DIWF detector algorithm is presented in the Appendix. Our dihedral detector is also related to the work of Kelly on radar target detection.'8"9 In fact our adaptive noncoherent dihedral detector in Gaussian clutter is a special case of a more general radar target detection framework developed by Kelly and Forsythe.'9 This work is related to the radar target detection work of Reed, Anderson, and Yu who developed a multi-pixel spatial subspace SAR target detector for polarimetric SAR data where the target is represented with arbitrary spatial basis functions.2022 This new dihedral detector is a single pixel, multi-polarimetric channel target detector which makes use of a target subspace in the non-white polarimetric dimension. Our dihedral detector is also tied to a known physical polarimetric target signal model (the Huynen model), includes a coherent formulation, and for the non-CFAR case is derived for general additive SIRV clutter. This paper is organized in the following manner. In Section 2, two new polarimetric subspace target detectors are derived using the SIRV clutter model. The form of the detectors for the special case of Gaussian clutter and the dihedral target model are shown explicitly. Section 3 contains the development of constant false alarm rate (CFAR) detectors for the special case of Gaussian clutter. In Section 4, we present performance results demonstrating these new SAR target detectors against real polarimetric SAR data.
NONADAPTIVE POLARIMETRIC SUBSPACE TARGET DETECTOR
In this Section, the polarimetric subspace target detectors are derived under the assumption that the clutter parameters are known. In Section 3, these detectors are rederived for the case where the clutter has unknown parameters. Two polarimetric subspace target detectors are derived in this Section. The first derivation is for a noncoherent subspace (i.e. the linear basis functions representing the target signal each have independent unknown phase). The second derivation is for a coherent subspace (i.e., the linear basis functions representing the target signal share a common unknown phase). The noncoherent approach leads to a simpler test with little performance loss as compared with the coherent test.
These detectors are derived for the general case of non-Gaussian SIRV clutter using the same approach as Sangston and Gerlach.'2 The derivation for SIRV clutter is not much more complicated than the derivation for Gaussian clutter and leads to a more general result. It is also shown for the noncoherent detector that when the target signal basis functions span the entire polarimetric space, the detector is equivalent to the PWF detector.
Problem formulation
The detection problem solved here is for a signal with unknown parameters in additive SIRV clutter with known parameters. There are two hypotheses, the target present hypothesis (H1) and the clutter only hypothesis (Ho). 
H0:x= x
The signal vector, x, is a polarimetric vector for a single pixel in the SAR scene and has the following form:
HH HH1 + jHHQ x = HV = W1 + jHVQ (2) w 1 JVVQ where HH is the horizontal transmit/horizontal receive channel, HV is the horizontal transmit/vertical receive channel, and W is the vertical transmit/vertical receive channel. I denotes the in-phase channel and Q denotes the quadrature channel. The in-phase and quadrature channels are uncorrelated and have equal variance, so this data can be modeled using the complex circular symmetric model.'° By the reciprocity theorem, the VH channel has the same statistics as the HV channel, so the VH channel is not used.35 The clutter signal is additive with respect to the target signal, and the clutter signal is the product of a positive independent scalar random variable, ; with probability density function (pdf), f(t), and a zero mean complex Gaussian signal with covariance, . The covariance has a specific structure because the HH and 1W channels are physically uncorrelated, and the W and HV channels are physically uncorrelated. We use the same notation as Novak to express the nonzero parameters of the polarimetric covañance:35
*/-;-0 y where * denotes complex conjugate. The SIRV clutter is fully specified by the covariance () of the vector Gaussian term and the pdf (f()) of the scalar multiplicative term. The second moment of the scalar random variable is constrained to be one (i.e., E{t}=1) so that the covariance oftr is not E{}.'° The pdf ofx can be found in terms ofthe pdf of-c and the pdf of x.
Different SIRV clutter models can be used by specifying a different scalar pdf (f(t)). We use both the Gaussian and Kdistribution which are specified as follows:'0
where thef(t) that gives Gaussian clutter is an impulse at one and the f) that gives K-distributed clutter is the pdf for the square root of the Gamma random variable constrained so that E{-r } = 1 .' Other SIRY clutter models can be developed using other scalar distributions 1012 The only restriction is that the resulting SIRV pdf (f(x)) must be a valid pdf for all N.
The signal model is deterministic with unknown nonrandom parameters. We use the Huynen model to represent the polarimetric signal for a dihedral scatterer:9 HH cos(2qi) aM V is Nxl known basis vector a is unknown complex scalar
The number of basis functions, M, is less than or equal to the dimensionality of the data, N. In the case of polarimetric data used in this paper, N = 3, so M 3 . The work in this paper focuses on single frequency multi-polarimetric channel data.
These same techniques could be applied to multi-frequency, multi-polarimetric channel data which is higher dimensional data (i.e., N > 3).
This noncoherent signal model can be used to approximately represent a dihedral using the following linear basis functions:
This dihedral model obviously does not match the Huynen model because each of the basis vectors has an independent phase and there are four unknown parameters (the real and imaginary parts of a1 and a2) instead of the three parameters (A, 4, and ii!) represented in the Huynen model. The unknown parameters of the linear basis functions are in rectangular coordinates whereas the Huynen model uses poiar coordinates. Since the unknown parameters are nonrandom, any coordinate system can be used to represent the unknown space. 
Both the rectangular and polar coordinates specify the dihedral amplitude subspace. We again emphasize that is equally valid to solve for the detector using either set of coordinates since the unknown parameters are nonrandom.
Derivation of noncoherent polarimetric subspace target detector
The dihedral detectors are derived using the generalized likelihood ratio test (GLRT) approach33 where each hypothesis is maximized over the unknown parameters in the likelihood ratio test. The GLRT derivation of these detectors is solved using the same technique as Sangston and Gerlach.'2 For the noncoherent polarimetric subspace detector, the GLRT approach leads to the following expression for the likelihood function: To simplify Equation 1 1 , the maximization of the target pdf over the unknown parameter, a must be solved. This solution is found by setting the first derivative to zero.
aa dp aaIa
The derivative of FN with respect to p is the following: 
We can now interpret the structure of this detector in terms of projection operators in the whitened signal space. The numerator of Equation 24 is FN evaluated for the energy of the whitened signal that does not project onto the whitened signal basis vectors; the denominator of Equation 24 is FN evaluated for the energy of the whitened signal. Since FN is a strictly decreasing function, the likelihood ratio test produces high values when most of the whitened signal energy is contained in the subspace defmed by the whitened basis vectors. In the special case of Gaussian clutter, the likelihood ratio test is just a measure of the energy of the whitened signal that projects onto the subspace defmed by the whitened basis vectors. Figure 1 shows a representation of the clutter, dihedral signal space, sample signal, and the projection of the sample signal onto the dihedral signal space before and after a whitening transformation. Note that the structure of the PWF detector is the same for any SIRV clutter model. The specific SIRV clutter model only effects the threshold of the test. This is not true for the polarimetric subspace target detector where the structure of the likelihood ratio test depends on the parameters of the SIRV clutter model.
Derivation of coherent polarimetric subspace target detector
The coherent polarimetric subspace target detector is now derived where the basis vectors representing the target signal have a common unknown phase. We maximize over aR and just as with a for the noncoherent detector.
. H max p=(xW-e4VWaR) (xW-eVWaR)
aR '
To simplify the maximization over aR and , we express p in the following form:
We now take the derivative in terms of and aR and set them equal to zero to fmd the maximum likelihood estimates of and aR. The specific forms of this detector for the trihedral and dihedral are found by inserting the appropriate values for V, just as with the noncoherent detector.
ADAPTIVE POLARIMETRIC SUBSPACE TARGET DETECTOR
In this Section constant false alarm rate (CFAR) extensions to the detectors of Section 2 are developed for the special case of Gaussian clutter. It is straightforward to find CFAR versions of the noncoherent and coherent polarimetric subspace target detectors when the clutter is Gaussian because maximum likelihood estimates of the clutter parameters are available. The formulation of a CFAR detector for non-Gaussian clutter is left for future research primarily because it is not clear that it is possible to fmd closed form maximum likelihood estimates of the parameters of the SIRV distribution when the data is nonGaussian and more than one clutter sample is available.26 We use a well established approach employed by many others to fmd CFAR detectors for targets in Gaussian clutter using the GLRT approach and a set of auxiliary clutter samples.78'82' For our SAR target detection problem, the auxiliary clutter samples are drawn from a square template twice as large as the largest target that surrounds a center test pixel.5 We derive two sets of CFAR detectors. The first are for the case where the clutter statistics are completely known except for an amplitude factor in the covariance. This is useful because this amplitude covariance factor varies more than any other parameter. The second set of CFAR detectors we present are for the case where the clutter covariance is completely unknown.
Known Clutter Covariance Structure With Unknown Amplitude Factor
We now derive CFAR versions of the noncoherent and coherent polarimetric subspace target detectors when the clutter is Gaussian and its covariance has an unknown amplitude factor. We have K auxiliary independent clutter only samples available and a single test sample that may contain the target scatterer:
where 0 represents the unknown parameters of the signal for either the noncoherent or coherent signal models. The K auxiliary samples are independent from each other and from the test sample. We can express the pdfs of each hypothesis in terms of the unknown parameters:
The GLRT is again used to solve this problem where each hypothesis is maximized over its unknown nonrandom parameters:
The maximum likelihood estimates of the unknown amplitude, a, for each hypothesis are the following:
The GLRT is now expressed in terms of these maximum likelihood estimates for a:
We can maximize over 0 by minimizing the quadratic in the denominator over 0: minp =
In Section 2, for the case of Gaussian clutter, we solved for max e which is equivalent to mm p , so the parameter estimates of Section 2 can be used to complete these CFAR detector derivations. The CFAR version of the noncoherent polarimetric subspace target detector is:
The CFAR version of the coherent polarimetric subspace target detector is: x;1U(UE;1U) UFEx + X'c'Xk Ho
This form of the adaptive noncoherent polarimetric subspace detector has a very intuitive form. We fmd the energy of the whitened signal in the whitened target subspace based on the known structure of the clutter covariance. The output of this nonadaptive form of the detector contains the factor a, so we divide by an estimate of a to remove this unknown parameter. The estimate of a uses all available data including both the auxiliary samples and the subspace orthogonal to the target subspace. In the real SAR target detection problem, some target energy will not be in the dihedral subspace and se we do not include the first term of the denominator. In our application, K is large, so we don't lose any performance by not using the first denominator term.
Clutter Covariance Completely Unknown
We now present CFAR versions of the noncoherent and coherent polarimetric subspace target detectors when the clutter is Gaussian and its covariance is completely unknown. We again have K auxiliary clutter only samples available to estimate the clutter statistics and a single test sample that may contain the target scatterer: 
4.DETECTION PERFORMANCE
In this Section performance results are presented for the detectors developed in Section 2 and 3. The performance results are developed based on real polarimetric SAR data. The polarimetric SAR data used to evaluate these detectors was collected by the MIT Lincoln Laboratory using the Advanced Detection Technology Sensor (ADTS).27 This sensor collects fully polarimetric one foot resolution SAR data at a nominal operating frequency of 33 Ghz. We have also developed analytical performance expressions for the noncoherent polarimetric subspace detector.26 The experiments on real SAR data do a better job of predicting performance than the analytical expressions. The analytical performance expressions are, however, useful because they show how the parameters of the target andclutter statistics effect perfonnance.
In Section 4.1 clutter parameter estimates are found. Estimates of the clutter parameters are required to implement the CFAR detector with known covariance structure developed in Section 3 and to understand the Gaussianity of the data. In Section 4.2 performance results are presented for both the noncoherent and coherent detectors against real millimeter-wave polarimetric SAR data.
Estimation of Clutter Parameters
In this Section, estimates of the clutter parameters are presented. The clutter data is not homogeneous, so separate estimates are found of the clutter covariance and the Gamma parameter (v) for different homogeneous regions of clutter. We show the empirical marginal distributions of the clutter versus the marginal distributions predicted by the Gaussian and K-distribution models to evaluate the quality of the K-distribution fit to the clutter data.
The clutter data estimates in this section are based on three homogeneous regions of clutter and a fourth region containing a mixture of the different kinds of clutter. The first SAR image used to estimate the clutter parameters is a 512 x 512 pixel region of grass clutter. The second SAR image is a 512 x 512 pixel region of tree clutter. The third SAR image is a 128x 128 pixel region of water clutter. The fourth SAR image is a 512 x 512 pixel region containing grass, tree, and water clutter.
The 128 x 128 pixel region of water clutter is drawn from a small pond contained in the 512 x 512 pixel mixed image. Table 1 shows estimates of the covariance parameters based on the grass, tree, water, and mixed clutter data sets. These estimates were found using the sample covariance estimator. 38 Once we have estimates of the covariance, we must estimate the scalar parameter of the SIRV K-distribution. This parameter estimate is based on the polarimetric SAR data and the estimate of the covariance. When the data approaches the Gaussian distribution the scalar parameter of the SIRV K-distribution approaches infmity. We use the following estimator for the scalar parameter of the SIRV K-distributed data:38
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The estimate of v for the grass, tree, and mixed clutter are shown in Table 2 . We did not compute the estimate for the water clutter because we only had a small number of samples. Note that the grass data has a relatively high value of v indicating that it is more Gaussian. followed by the two parameter CFAR test.5 In all cases we implement the detectors with the mixed clutter parameters of Table 1 . We implemented the CFAR detectors with a 61 x 61 CFAR stencil. The detector output for each test is followed by a simple clustering algorithm so that only one detection or false alarm is reported in a given target sized area.5 We evaluated the performance of these detectors with two signal models: (1) completely unknown signal (i.e., the PWF) and (2) the dihedral signal model. Figures 2-5 show ROC curves depicting the performance of these detectors against bare and camouflaged targets.
CONCLUSIONS AND FUTURE WORK
We have developed a new dihedral detector for polarimetric SAR data based on a subspace model. For the case of known clutter parameters, we have developed a test for the dihedral signal embedded in additive SIRY clutter including the Kdistribution. We have shown that the structure of the PWF detector is that same for any SIRV clutter model, demonstrating theoretically why the PWF detector has had very robust performance against real SAR data. For the case of unknown clutter parameters, we have developed a test for the dihedral signal embedded in additive Gaussian clutter. We have demonstrated the performance of this new dihedral detector using real millimeter-wave polarimetric SAR data and have shown that it performs better than the PWF detector which assumes that the structure of the polarimetric target signal is completely unknown. We are currently evaluating whether the nonadaptive, non-Gaussian dihedral detector will lead to any performance improvement against the real SAR data which has been shown to better fit the K-distribution. aHH(111 _2jRe{p}) aHH8
